We show how multivariate GARCH models can be used to generate a time-varying "information share" (Hasbrouck, 1995) to represent the changing patterns of price discovery in closely related securities. As an application we look at the credit spreads obtained from the credit default swap (CDS), bond, equity and option markets. Using data on Marks & Spencer Plc we find evidence of substantial time variation in the contributions of the different markets to the price discovery of credit risk. We also show how a time-varying information share can improve credit spread predictions.
Introduction
In this paper we contribute to the existing literature on price discovery, which looks at the incorporation of new information in closely linked securities trading in different markets, by proposing a time varying version of a standard price discovery measure. This is ideally suited to capture the fast changing roles of these markets in the price formation process, especially in periods characterised by high uncertainty. Specifically, we look at the time varying price discovery of credit spreads obtained from the CDS, bond, equity and option markets. Previous studies in this area show that changes in the price discovery mechanism are rather common. Zhu (2004) , Blanco et al. (2005) and Bai and Collin-Dufresne (2011) find that the CDS market leads the bond market. However, during the financial crisis of 2008 the price discovery occurring in the CDS market reduces significantly while it increases for the bond market (see Bai and CollinDufresne, 2011) . By looking at stock returns (or stock implied spreads) alongside CDS and bond spreads, Longstaff et al. (2003) , Norden and Weber (2009) and Forte and Peña (2009) find equities and CDSs to lead the bond market. In the latter study as well as in Avino et al. (2013) , who further extend the analysis to include option implied credit spreads, such time variations are also explicitly documented. However, the approach taken so far to highlight time dependence is to estimate and compare price discovery measures in sub-periods of the original sample. We argue that this practice has limited applicability as the sub-periods need to be sufficiently long as to ensure robust estimates. This constrains the frequency with which time variations can be reliably measured.
All the above studies employ either a VAR or VECM as the basis to quantify the price discovery that takes place in each market.
1 With a VECM the percentage of price discovery which occurs in each market for a specific estimation period can be estimated with the "information share"
(IS) of Hasbrouck (1995) . (See for example, Blanco et al., 2005; Forte and Peña, 2009 ). 2 One limitation of this approach is that the price discovery obtained for each market is fixed during the period under study. In this paper we show how a time-varying estimate of the IS measure can be 1 Acharya and Johnson (2007) and Berndt and Ostrovnaya (2008) also study the information flow between CDS and equity markets and CDS, equity and option markets, respectively. By using panel regressions long run equilibrium relationships that may exist among the spreads implied from the different markets, cannot be taken into account. 2 The information share of a market can be interpreted as the proportion of the variance of the common factor explained by that market. The higher the proportion, the closer the market to the efficient price, and the more dominant its role in price discovery.
obtained by applying GARCH models to the VECM innovations, if a long run equilibrium relationship exists between the different markets. We also show a simple way in which the forecasting ability of the VECM can be improved using a time-varying price discovery measure.
Data
We use daily observations of CDS mid-quotes, bond yields, equity prices and option implied volatilities for Marks & Spencer from January 2006 until July 2009. CDS bid and ask quotes are obtained from GFI, a market leader in OTC credit derivatives trading. We select senior unsecured CDS contracts with the 5-year maturity as they are the most liquid. We derive credit spreads from outstanding corporate bonds. Then, we construct synthetic 5-year credit spreads using yields for two bonds (from Bloomberg) with the following characteristics: they are senior unsecured; they have "generic" Bloomberg mid-market prices; they are not floating-rate and do not have embedded options or any special features; one bond has a maturity below 5 years while the other has a maturity above 5 years. From Bloomberg we also obtain 5-year swap rates which we use as a proxy for the risk free rate (see also Houweling and Vorst, 2005) .
In the next step we employ the CreditGrades structural model to estimate the 5-year equity implied spreads. 3 The following inputs are needed to implement the model: daily series of stock prices and market capitalizations; accounting data on short-term and long-term liabilities, minority interest, preferred shares (all from Bloomberg). We also need the mean global recovery rate L and its standard deviation δ; the recovery rate of the senior unsecured debt of the company R ; the annualized equity volatility S  and the 5-year risk-free interest rate r .
For L and δ we take the estimated values of 0.5 and 0.3, respectively, as reported in the CreditGrades Technical Document. For the recovery rate R we use the value of 0.326, which is the Moody's average historical recovery rate on senior unsecured debt over the period 1982 (see Moody's, 2011 . As an estimate of the equity volatility S  , we employ a 40-day moving average of past equity stock returns (to be consistent with the 2-month maturity used to compute option implied volatilities for the estimation of the 5-year option implied spreads). The latter are computed by using a modified version of the CreditGrades model as described in Cao et al. (2011) . To determine option implied spreads, we use Bloomberg's daily implied volatilities for the 2-month equity ATM (at-the-money) put options.
Methodology
The first step of our analysis is to check for the presence of unit roots in the four series of spreads. If the series are I(1), we can use a vector error correction model to analyse whether the CDS, bond, equity and option markets share a long run equilibrium captured by cointegrating relations. The general model to describe changes in credit spreads for the four markets is given below:
where, 
where CDS, BCS, EIS and OIS indicate CDS mid-quotes, bond credit spreads, equity implied spreads and option implied spreads, respectively. The cointegrating equations are defined as:
We then apply a 4-variate GARCH model to the VECM innovations as follows:
 is the information set at time t-1. Our analysis is based on the BEKK specification of the GARCH model of Engle and Kroner (1995) : variables in order to eliminate contemporaneous correlation:
where M is a lower triangular matrix with elements 
with (  i  ) the orthogonal vector to the error correction coefficient matrix Λ in the VECM.
4 Baillie et al. (2002) suggest that the mid-point of the bounds gives a reasonable estimate of price discovery. In the analysis below, IS will refer to the bounds' mid-point.
As the IS is a function of the volatilities and covariances of the error terms in the VECM, we can produce a time dependent (daily) IS by replacing the time-invariant covariance matrix C used for 4 Equation (8) is computed when the ordering of the markets in the VECM is such that market k is the first one whilst (9) is computed when the ordering of the markets has market k in the last position. the calculation of IS measures with its conditional counterpart obtained with (6), under the assumption that the  i  's are stable over the whole period.
We apply the above IS measure to a simple forecasting exercise. We consider a VAR model for the four series above, but where we replace the explanatory variables (which are past changes in the spreads) with cross-products of the changes in credit spreads and the IS measures of the corresponding markets, namely: .The rationale behind this approach is that if a market reveals a large amount of information at any point in time then it should have stronger forecasting power at that time.
Looking at it differently, the auto-regression parameters can be thought of as being time-varying and dependent on each market's information share. In our analysis we will compare the forecasting power of the above model with the forecasting ability of a standard VAR model. We use a rolling window of length 200 and we compare the mean squared error of the forecasts. 
Results
We split our sample into a pre-crisis sub-sample, which starts in January 2006 and ends in July 5 It is to be noted that this is a not a true out-of-sample forecasting exercise as for the estimation of the time varying IS measure we used the parameters of the VECM and BEKK models estimated over the whole period. These parameters could have been estimated on a rolling basis, using only the observations in the rolling window, but given that it has length 200 the estimates would have been affected by small sample bias. statistics 6 shows that the four series of spreads are cointegrated variables which share one common factor. As suggested by the Akaike criterion, we select two lags for the implementation of the Johansen trace test and the VECM in equations (1)-(4).
Panel B of Table 1 reports the (unconditional) IS measure for each market during each subperiod. The results show that in the pre-crisis period the credit risk price discovery for Marks & Spencer is dominated by the equity implied spreads which account for 86% of the total price discovery, whereas during the subprime crisis the option implied spreads lead with 48% of price discovery, followed by the equity implied spreads (19%), bond (18%) and CDS spreads (16%).
Using the method described above, we compute the daily time-varying IS measure for each of the markets based on the BEKK GARCH specification 7 for the error terms in our VECM, and present these in Figure 1 . The results highlight the variability of the price discovery measure as it allows us to capture a greater variety of patterns than an analysis based on the static IS measure shown in Table 1 . Indeed, the period preceding the crisis is mainly characterised by the dominant role of the equity market in line with the price discovery results discussed above. However, we can see that in the first part of the crisis period the equity market still plays the leading role in price discovery until June 23, 2008. Then, in the heat of the crisis, immediately before and also after the default of Lehman Brothers, the option market takes a clear lead. Finally, from the second quarter of 2009, when the crisis subsides and stock markets start to recover, the equity market bounces back to its pre-crisis dominant role.
Panel C of Table 1 reports the mean squared errors for both a VAR model estimated for the four credit spreads and its augmented version which replaces the lags of the changes of the credit spreads with the cross-products of each variable's changes and its corresponding conditional IS measure. Our results show that accounting for time variation in price discovery increases the forecasting power of the VAR model as the mean squared error values for the augmented regressions are always lower than those of the standard VAR.
Conclusions
In this paper we derive a dynamic price discovery measure that offers the opportunity to represent, in a clear and intuitive way, the time varying behaviour of the information flow among markets. In particular, we look at the price formation mechanism in the credit spreads obtained from the CDS, bond, stock and option markets. We show, with a case study, how multivariate GARCH models can be used to compute a time-varying version of Hasbrouck (1995) 's price discovery indicator. Our results highlight the variability of the information flow across markets and confirm its high sensitivity to changing market conditions. Additionally, we present a simple example of how this time-varying measure can be used to improve the forecasting power of a standard econometric model. (Hasbrouck, 1995) The optimal number of lags is chosen according to the Akaike criterion. *, ** and *** indicate significance at the 10%, 5% and 1% level, respectively. Panel C reports the mean squared error for individual forecasts of the credit spreads of each market using a VAR system of equations and a VAR system where the explanatory variables are cross-products of each market's information share (Hasbrouck, 1995) 
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